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The transition to a net-zero energy system with high shares of variable renewables increases the need for
flexibility beyond short-term batteries and seasonal hydrogen storage. Emerging storage technologies with
discharge durations from several hours to a few days may fill this mid-term segment due to their cost
structures, but their economic viability under uncertain future market conditions remains unclear. This study
assesses which combinations of energy-to-power ratios (8-168 h) and round-trip efficiencies (10-100%)
enable profitable and robust investments from an individual investor’s perspective, by evaluating storage
configurations with an agent-based electricity market model that incorporates mean-reverting stochastic fuel
prices and renewable generation. The results show that the marginal benefit of additional storage declines
sharply with increasing energy-to-power ratios, increasing maximum capital expenditures by approximately
25% from 24 to 168 h. In contrast, increasing the round-trip efficiency from 40% to 60% can reduce
downside risk, measured as the difference between expected contribution margin and conditional value at
risk, by 5% and increase the maximum allowable capital expenditure by about 61% within the analysed cases.
Consequently, only configurations with sufficiently low energy-specific capital costs and moderate to high
efficiencies remain economically competitive in the mid-term segment. This work demonstrates how balancing
efficiency, costs, and storage duration drive mid-term storage competitiveness, highlighting their critical
influence on performance, while introducing risk-based assessments to quantitatively evaluate a comprehensive
parameter space and its impact on investment risk.
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1. Introduction

To achieve the Paris Agreement’s objective of limiting global warm-
ing to 1.5 °C above pre-industrial levels, global greenhouse gas emis-
sions must reach net zero by mid-century [1]. In the electricity sector,
this leads to a rapid expansion of variable renewable energy sources,
which already induced profound structural changes [2]. Increasing
renewable shares complicates the challenge of balancing supply and
demand, thereby requiring enhanced system flexibility. Besides flexible
conventional generation (e.g., hydrogen-ready gas turbines), additional
flexibility can be provided by electricity storage, demand-side response,
and sector coupling, which enable load shifting and enhance grid
stability [3]. While battery storage provides short-term flexibility by
mitigating imbalances between surplus and deficit renewable gener-
ation, hydrogen-fired power plants and electrolysers are projected to
offer seasonal storage solutions, complementing established resources
such as hydropower [4]. However, both technologies face constraints:
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lithium-ion batteries remain costly for long storage durations [5] and
rely on critical raw materials [6], while hydrogen costs and quantities
are uncertain [7] and electrolyser deployment is still in early stages [8].
This creates an opportunity for emerging storage technologies whose
cost structures position them between short-duration and seasonal stor-
age solutions [5]. In this context, technologies designed to continuously
discharge energy from several hours up to a week are referred to
as mid-term storage. Evaluating the technical design parameters of
emerging energy storage technologies is therefore crucial to assess their
suitability and economic potential.

However, metrics such as the Levelized Cost of Storage (LCOS)
offer only limited guidance. Being cost-based, LCOS does not ade-
quately capture the revenue potential of storage technologies [9] and
is highly sensitive to assumptions regarding their utilisation [10].
This challenge is particularly pronounced for emerging technologies,
whose technical parameters are typically based on early-stage estimates
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that are difficult to validate and subject to considerable uncertainty.
As a result, modelling outcomes can be strongly driven by assumed
input parameters, potentially resulting in biased conclusions about their
economic viability. Inverse methods can therefore be used to iden-
tify which combinations of techno-economic parameters would allow
storage technologies to achieve economically viable investments [11].

At the same time, investors face uncertainties when considering
emerging technologies, which significantly influence investment deci-
sions [12]. In liberalised electricity markets, such risks are particularly
relevant when revenues cannot be efficiently hedged through long-
term contracts or futures markets [13], a situation described as missing
market problem [14]. Storage revenues are primarily determined by
electricity price spreads, which in turn depend on underlying mar-
ket drivers [15]. Uncertainties in these drivers, such as renewable
generation profiles [16] and short-term price dynamics [17], are inher-
ently stochastic and often exhibit mean-reverting behaviour, fluctuating
around a long-term equilibrium. Accounting for these uncertainties
therefore seems important, as it could provide insights into which
techno-economic storage configurations are robust and how they affect
storage profitability and investment risk.

This study builds on a broad literature' assessing energy stor-
age technologies from both cost-based and market-oriented perspec-
tives. The LCOS has been widely applied to compare storage technolo-
gies such as lithium-ion batteries [18], redox flow batteries [10], and
emerging systems like Carnot batteries [19]. However, these studies do
not fully capture the interaction between technical design parameters,
storage operation, and market conditions.

There are studies combine technical parameters with market-based
revenue assessments. For instance, Spodniak et al. [20] investigate
the impact of different Energy-to-Power (EtP) ratios on large-scale
electricity storage in day-ahead markets across Germany, the UK, and
Scandinavia. Komorowska et al. [21] analyse the financial performance
of lithium-ion batteries, while Poli et al. [22] evaluate redox-flow
batteries in European day-ahead markets. Cetegen et al. [23] evaluate
liquid air energy storage under specific charge/discharge schedules in
the Texas market, while Vecchi et al. [24] examine the additional
revenue potential from reserve market participation. Similarly, Nitsch
et al. [25] simulate battery storage operations in German day-ahead
and frequency restoration markets using an agent-based electricity
market model. Despite a more market-based modelling framework,
these studies rely on predefined cost assumptions and focus on spe-
cific storage technologies. While such analyses can indicate whether
a given technology may be economically viable under certain condi-
tions, they provide limited insights into how storage systems should
be designed or which techno-economic parameter combinations would
enable profitability. To address this, recent studies apply inverse mod-
elling approaches that directly link technical parameters to economic
feasibility. Nitsch et al. [26] combine generation expansion and market
modelling to evaluate the economic viability of Carnot batteries under
decarbonised scenarios. Sorknees et al. [27] assess their system cost re-
duction potential to determine their cost limits, while Stelzer et al. [28]
analyse their profitability in the German electricity market for different
EtP ratios and round-trip efficiencies (RTE). Together, these studies
move toward linking technical design parameters with market compet-
itiveness. However, they largely neglect the impact of investment risk
and stochastic market conditions on storage profitability, leaving open
the impact of uncertainty.

Studies that explicitly incorporate investment risk and uncertainty
into storage valuation often move away from identifying maximum
cost thresholds or applying inverse modelling approaches. Instead, they
typically analyse predefined technology configurations under stochastic
conditions. For instance, Geske et al. [29] apply a Markov decision

1 A more detailed and comprehensive literature review is provided in
Appendix A.
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model to optimise storage capacity under uncertain residual load, while
Hammann et al. [30] adopt a real options framework to assess adiabatic
compressed air energy storage under fuel price uncertainty. Similarly,
Bakke et al. [31] analyse lithium-ion battery investments under uncer-
tain spot and balancing prices, and Dimanchev et al. [32] develop an
equilibrium generation expansion model capturing investors’ risk expo-
sure in incomplete markets and explicitly include storage in capacity
expansion decisions.

Recent studies exhibit limitations similar to those discussed above.
For instance, Friedel et al. [33] extend LCOS analyses across scenarios
but do not incorporate explicit investment risk or detailed market
dynamics. Poli et al. [22] consider techno-economic parameters under
investment-related aspects, yet rely on simplified market representa-
tions. Mantegna et al. [34] and Esser et al. [11] analyse storage within
capacity expansion frameworks, focusing on system design rather than
investor risk exposure under uncertainty. Makrides et al. [35] model
stochastic investment decisions, but do not derive implications for
techno-economic design parameters. From this review, a clear gap
emerges in linking technical design parameters for mid-term storage
technologies with economic competitiveness under investment risk and
market uncertainty.

The central hypothesis of this study is therefore whether mid-
term storage configurations can effectively fill a mid-term segment
in electricity markets while representing competitive and robust in-
vestment options. To investigate this question, this work adopts an
inverse modelling perspective that explicitly links techno-economic
design parameters with market-based revenues under stochastic fu-
ture conditions. In contrast to existing studies that either focus on
predefined technologies or analyse investment risk without deriving
implications for technical design, this study explores a broad design
space of mid-term storage configurations.

Against this background, this work aims at:

+ identifying competitive mid-term storage configurations by
analysing how combinations of RTE and EtP affect market via-
bility and competitiveness,

+ determining CAPEX for each configuration to assess economic
feasibility and provide guidance on cost thresholds for emerging
storage technologies,

+ and evaluating the impact of uncertainties in key drivers on elec-
tricity price spreads, storage profitability, and risk for investors, to
identify the mid-term storage options most robust under volatile
market conditions.

To address these objectives, this study applies the agent-based
power market model PowerACE? incorporating mean-reverting stochas-
tic processes for fuel prices and renewable generation profiles. By
simulating a range of future market conditions within 16 European
countries, the model captures the impact of fundamental uncertainties
on electricity price spreads. An inverse modelling approach is then
used to explore combinations of RTE (10-100%) and EtP (8-168 h) for
mid-term storage technologies, determining the maximum annualised
CAPEX at which each configuration remains profitable. This metric
is particularly useful because it allows storage configurations to be
compared without specifying a discount rate or asset lifetime upfront.
Once these values are known for a given technology, the corresponding
annualised investment cost can be directly calculated and compared to
the determined maximum CAPEX in this study.

The remainder of this paper is structured as follows. Section 2
outlines the methodological framework, including the stochastic price
modelling and the assessment of profitability for mid-term energy
storages under risk. Section 3 presents the main findings on price
dynamics and storage profitability. Section 4 discusses the implications
and limitations of the findings for technology design and investors,
while Section 5 concludes.

2 A description and overview can be found in Fraunholz [36].
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Fig. 1. Overview of the methodological process from data input to investment risk assessment.

2. Methods

To evaluate the performance and investment risk of mid-term stor-
age technologies, uncertainty in the electricity system is explicitly
considered. Variability in renewable generation and electricity demand
profiles is represented by the set T = {1,...,1} of weather scenarios,
each weighted according to its probability of occurrence, while fuel
price uncertainty is represented by the set J = {1,...,J} of fuel price
scenarios and modelled using an OU process to capture its mean revert-
ing properties. The resulting N = I - J scenarios, combining weather
scenario i € T and fuel price path j € J as scenario (i,j), serve as
input for an agent-based power market model to generate N electricity
price paths. In the model, a fixed energy system trajectory is assumed,
i.e., there is no endogenous generation expansion or any structural
change to the power plant fleet across scenarios. These price paths
are subsequently used in a linear storage-dispatch program outside
of the power market simulation. In this step, the storage operation
is optimised with respect to the maximisation of the contribution
margin® for each individual price path, determining the economically
optimal charging and discharging schedule for the respective stor-
age configuration. The resulting optimal dispatch decisions are then
used to compute the distribution of contribution margins F,,k for each
parameter combination k € K =1, ..., K, providing a systematic risk
assessment for investors and allowing the identification of storage
configurations that remain economically robust under both weather
and fuel price uncertainty. Based on these distributions, an inverse
investment perspective is adopted: instead of assuming fixed CAPEX
and evaluating profitability, the maximum annualised CAPEX that can
still be covered by the stochastic contribution margins is determined for
each parameter combination. This approach directly links technical de-
sign parameters to economically viable investments under uncertainty
and enables a comparison of emerging storage concepts across a wide
design space. The described methodological framework is illustrated in
Fig. 1.

2.1. Probability of occurrence for weather scenarios

To account for uncertainties associated with the future patterns of
generation and demand profiles, distinct weather scenarios are con-
sidered. A weather scenario represents a full year of data, including
capacity factors for renewable generation and corresponding electricity
demand profiles. To quantify the probability of occurrence for a given
weather scenario i € 7, a weighted aggregation approach is applied

3 The contribution margin corresponds to the net operating profit, calcu-
lated as the revenues from discharged electricity, minus the cost of electricity
purchased for charging, accounting for round-trip efficiency and operational
constraints. Capital expenditures are excluded at this stage.

that accounts for spatial, technological and temporal heterogeneity. The
probability weight w!” of scenario i is defined as:

WwomP . ypbin o)

a,c,m

+ woe? represents the relative share of contribution of component
¢ in area a with respect to the total contribution across all areas.
Here, ¢ refers to the installed capacity of a renewable energy
source or the total demand in area a.

wl'fgm denotes the fraction of weather scenarios in area a, for com-
ponent ¢ and month m that fall within a predefined bin. The bins
are defined based on the standard deviation of the corresponding
time series of a component. Specifically, for each month, the mean
of the time series (e.g., hourly capacity factors) is calculated for
each scenario. Then, the overall mean across all scenarios for that
month is determined. The deviation of each scenario’s monthly
mean from the overall monthly mean is computed and assigned
to a bin, such that all scenarios within the same bin are assigned
the same probability. Bins are defined such that the probability
of each bin is given by the fraction of scenarios that fall within it.
Deviations are categorised into bins corresponding to the ranges
between -2, 1,0, 1,2 standard deviations, with any values below
or above these limits assigned to the outermost bins.

By summing over all areas, components, and months, a weight for
each weather scenario for a given year is obtained. A more detailed
mathematical formulation of the approach can be found in Appendix
C.2.

2.2. Modelling of fuel price trajectories

The modelling of fuel prices often requires stochastic processes. A
widely applied framework is the OU process,* which is defined by the
stochastic differential equation

dX, = 0(u— X,)dt + o dW, @)

where p denotes the long-term equilibrium level, 6 is the speed of
mean reversion, o the volatility parameter, and W, a standard Wiener
process [41]. Here, ¢ represents time steps, corresponding to the daily
fuel prices. The process is particularly suitable for commodities in
energy markets, since empirical price dynamics often revert to a long-
term average while still exhibiting short-term noise [42]. To account
for the dependence of fuel prices, correlations are introduced using
a Cholesky decomposition of the empirical covariance matrix. The

4 Examples can be found in [37-39], and [40].
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univariate process in Eq. (2) is then extended to a multivariate process,
after discretisation:

X7+Ar=Xr+9'(M—X7)AI+LZ\/E, 3)

where z is a vector of standard normal draws and L is the lower-
triangular matrix obtained from the Cholesky decomposition of the
empirical covariance matrix X, such that ¥ = LLT.

To adequately capture the effects of fuel price uncertainty on stor-
age performance, it is necessary to consider a large number of simulated
price trajectories. To incorporate a large set of trajectories directly into
the analysis would, however, be computationally prohibitive. There-
fore, a clustering procedure is applied to reduce the dataset. First, the
simulated paths are reduced to their two principal components via
principal component analysis. Subsequently, the resulting components
are grouped into clusters using K-Means clustering. For each cluster, the
time series closest to the cluster centroid (i.e., minimising the Euclidean
distance) is selected as the representative fuel price path, denoted by
j € J, and assigned a weight wjf. proportional to the fraction of total
paths contained in that cluster.

2.3. Linear storage dispatch-program

A commonly studied application of energy storage is electricity
price arbitrage, where electricity is purchased at low prices and sold
at higher prices. Assuming that the storage system is small enough that
its charging and discharging do not affect market prices, analyses of
this price-taker scenario often assume perfect optimisation of the device
when faced with known electricity prices.

The simulated wholesale electricity price paths obtained from the
agent-based power market model are used as input for such a simplified
storage dispatch optimisation problem, with the objective of maximis-
ing the contribution margin given the technical design parameters such
as storage capacity, charging and discharging power, and RTE.

Let T denote the number of time steps in the considered price path.
The decision variables are the charging power PCh dlschargmg power
PdlS and state-of-charge SOC, at each time step r € {1,...,T}.

The optimisation problem is formulated as follows:

T

max —pch. P+ pdis . p (€©))
PICh,PYdiS,SOC, ; ( 4 ! ! I)

st. SOC,,, = SOC,

+l1ChPCh

,,;ls”dls Vi=1,..,T—1 ®)
0<80C, <C Vvi=1,..,T (6)
0< P < phmx o T @)
0 < plis < plismax = T ®
50C,; =0 )

Here, p, denotes the simulated electricity price at time ¢, C is
the storage capacity, Phmax and pdismax are the maximum charg-
ing and discharging powers, and #" and nds are the charging and
discharging efficiencies. The initial state-of-charge is set to 50% of
the storage capacity, with self-discharge as well as variable operation
and maintenance costs neglected. Battery degradation, while relevant
for certain storage technologies, is not explicitly modelled due to the
technology-neutral scope of the analysis and the associated modelling
complexity.

The objective value of the optimisation can be interpreted as the
annual contribution margin per MW generated by the storage in a given
year, which can be used to cover the equivalent annualised investment
and fixed operation and maintenance costs. Conducted independently
of the power market model, this approach facilitates the systematic
evaluation of diverse system configurations and allows for the adjust-
ment of key parameters, such as the EtP ratio, while simultaneously
determining the maximum CAPEX that ensures economically viable
operation for a given RTE and capacity.
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2.4. Performance and risk metrics for investors

Investment decisions under uncertainty can be evaluated using the
empirical distribution of profitability across different scenarios. In the
context of this study, each simulated electricity price path is assigned a
weight corresponding to its probability w” defined as the product of
the weight of the weather scenario w}’ and the fuel price trajectory
wj , which in turn induces a probablhty distribution for the annual
contribution margin, derived in Section 2.3, which determines the
maximum economically viable CAPEX. According to [12], the empir-
ical distribution function and the corresponding empirical cumulative
distribution function of the contribution margin for a given storage
configuration can then be used to derive various decision metrics,
allowing consideration of both expected profitability and risk exposure.

Formally, let 7, ;) denote the contribution margin of parameter
combination k € K under the price path scenario defined by weather
year i and fuel price path j, with associated scenario probability wﬁj.
The expected contribution margin E(x,) of a parameter combination k
is then defined as the weighted average over all scenarios:

E(ry) = Z Z wf,j Tk (i) a0
i

To account for risk aversion in investment decisions, risk measures
are applied to the empirical distribution I:‘,,k. Based on the empirical
cumulative distribution function, a well-established and widely used
risk measure is the value at risk (VaR,), which indicates the threshold
of the contribution margin that will be achieved or exceeded with a
given confidence level. Specifically, the VaR, at confidence level « is
given by

VaR,(7;) = max{q : Pr(nk,(i’j) < q) <l- a},
Va € (0,1) 11

and the conditional value at risk (CVaR,), which is a coherent and
widely used risk measure, is defined as the contribution margin con-
ditional on falling below the VaR,:

CVaR ,(m) = B[ | 7ty < VaR, (7))
Va € (0, 1). 12

To jointly account for expected profitability and risk, a linear combi-
nation of the expected value and the CVaR is applied, following the
approach of Fraunholz et al. [12]:

i = (1 = HE(xy) + ACVaR, (1),
1€0,1], a € (0, 1), (13)

where 4 represents the investor’s degree of risk aversion, with A = 0 cor-
responding to risk-neutral and A = 1 to highly risk-averse preferences.
Following this approach, z; provides a single metric that quantifies the
maximum contribution margin achievable for each storage parameter
combination, and therefore the maximum CAPEX under which eco-
nomically viable operation is maintained. To determine the relative
competitiveness of each storage configuration compared to another, the
deviation of the maximum annualised CAPEX is calculated as

Azr,rcef =z —x" ref 14

where 7™ denotes the maximum annualised CAPEX of the reference
configuration for the same A. A positive value of Azr,rff indicates that
configuration k can sustain higher annualised CAPEX than the reference
system while maintaining economic viability, whereas a negative value
indicates lower allowable CAPEX. Additionally, for A = 0 and 1 =
1, the percentage change of the maximum annualised CAPEX can be

expressed as
=0 -xi(A=1)
71 (4 =0)

Azr}jSk = x 100%, (15)
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where

7 (A= 0) = E(zp),
i(A = 1) = CVaR, (),

which can be interpreted as the risk premium of a highly risk-averse
investor relative to a risk-neutral investor.

Egs. (13)-(15) quantify the economic competitiveness and impact
of risk preferences on the maximum achievable contribution margin
and the corresponding maximum annualised CAPEX for each storage
configuration, taking into account both expected performance and
downside risk.

2.5. Data, assumptions, and market modelling

To identify economically viable and robust mid-term storage invest-
ment options under varying future market conditions, the following
data sources and assumptions are applied.

A total of 36 distinct weather scenarios are taken from the European
Resource Adequacy Assessment (ERAA) Executive Report 2024 [43],
providing hourly datasets for renewable generation and demand pro-
files under varying future weather and climate conditions. For all other
system components, the same values from the fixed energy pathway
trajectory presented in Appendix B.1 are used. The resulting weather
scenario weights are provided in Appendix B.2.

Fuel prices are simulated following the Ten-Year Network Devel-
opment Plan (TYNDP) scenarios over the period 2030-2050. Initial
values X, for 2030 are taken from the TYNDP 2024 [44], while the
long-term mean yu is set according to projected 2050 fuel and CO,
prices. The mean-reversion speed ¢ and volatility ¢ of the multivariate
OU process are estimated from historical front-month price data from
2023-2024 using a discrete-time approximation [45]. Specifically, an
autoregressive regression of order one is applied to observed price
differences, with the slope providing —64¢ and the standard deviation
of residuals yielding ¢. Gas, oil, and hard coal are explicitly considered,
while hydrogen is included under the assumption that its price dy-
namics follow natural gas, reflecting the expected linkage of emerging
hydrogen markets to gas price developments [46]. Carbon prices are
modelled jointly with fossil fuels, combining the corresponding emis-
sion factors [44] with CO, prices to include carbon costs directly in the
fuel time series. The parameters X, y, 6, o, and the empirical covari-
ance matrix are provided in Appendix B.3. A total of 1000 fuel price
paths are simulated to capture a wide range of uncertainty. To reduce
computational complexity, the trajectories are clustered using a two-
step procedure: first, principal component analysis reduces each path to
its two principal components, and then K-Means clustering groups these
components into ten clusters. The resulting ten representative paths and
their weights are presented in Appendix B.4. All prices are reported
in nominal € using inflation rates from the World Economic Outlook
2024 [47].

Finally, the weather scenarios and representative fuel price paths
are combined to simulate electricity price paths for the years 2035,
2040, and 2045, which serve as the basis for the storage profitability
analysis.

The simulations of electricity price paths are carried out using the
agent-based power market model PowerACE. PowerACE is a simulation
framework based on individual market participants, designed for the
analysis of European electricity markets. Its primary purpose is to
enable long-term assessments of the day-ahead market. Depending
on the input data resolution, the model simulates 8760 h of a year
across extended time horizons. Over the past years, PowerACE has
been applied in a variety of research contexts, such as studies about
electricity prices [48], capacity remuneration mechanisms [49], the
analysis of electric vehicle market impacts [50] and for assessing the
role of risk aversion in capacity expansion planning [12].

Within the model, market participants are equipped with internal
decision-making strategies that define their individual objectives, such
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Fig. 2. Simplified overview of the power market model PowerACE.

as the maximisation of profits. These participants continuously interact
with their environment and, on each simulated day, submit demand
or supply bids according to their respective strategies. The day-ahead
market outcome is then determined by a welfare-maximising market-
clearing algorithm, which accounts for all submitted bids as well as the
available cross-border transmission capacities. A comprehensive and
authoritative description of the structure and individual modules of the
PowerACE model can be found in [36]. Fig. 2 provides a simplified
representation of the modelling approach used in this study.

Consistent with the assumptions above, the energy system trajectory
of the TYNDP 2024 Global Ambition Scenario is applied. In the energy
system trajectory, the installed capacity is expanded by additional gas
turbine power plants to fulfil the required system reliability in each
bidding zone. By assuming a fixed energy pathway, the variability in
weather years and fuel prices allows for representing the uncertainties
in these underlying mean reverting processes for future day-ahead
electricity price developments. The simulations cover 16 bidding zones,
each with its respective day-ahead wholesale market prices. By combin-
ing ten representative fuel price trajectories with 36 weather scenarios,
a total of N =360 day-ahead price paths are generated for each year
and each bidding zone.

The linear dispatch problem is then solved sequentially across mul-
tiple price paths, but simultaneously for different storage parameter
combinations, with a warm-start procedure applied to accelerate con-
vergence across price paths. In this study, the discharge and charge
powers are fixed to 1 MW, efficiencies are varied from 10% to 100%
in 1-percentage-point increments, and 168 different storage capacities
are considered, resulting in a total of 91 - 168 - 360 = 5,503,680 linear
program evaluations for a single bidding zone and year with T = 8760.
Using this approach, solving the optimisation for all scenarios for one
year and bidding zone takes on average approximately 440 min on an
AMD Ryzen Threadripper 3970X 32-core processor using the simplex
algorithm.

3. Results

The results build on the data and assumptions described in Sec-
tion 2.5, which capture uncertainties in renewable generation, fuel
prices, and electricity demand. In the following, the results are pre-
sented in three stages: wholesale prices and spreads, storage competi-
tiveness, and investor risk preferences.
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(c) Distribution across all weather and fuel price scenarios.

Fig. 3. Boxplots of mean wholesale prices across scenarios for different European countries.

3.1. Comparison of electricity price paths

In Fig. 3(a), the distribution of mean prices is shown for the years
2035, 2040, and 2045° across different European countries under vary-
ing weather scenarios, i.e. wind and solar generation profiles. Fig. 3(b)
illustrates the corresponding distributions under varying fuel price as-
sumptions.® The scenarios capture structurally diverse energy systems:
Germany is characterised by high renewable penetration combined
with increasing demand, France remains strongly reliant on nuclear
power, Denmark is dominated by wind generation, Spain benefits from

5 The exogenous energy system trajectory and the corresponding demand
for each year can be found in Appendix B.1.

6 The fuel price scenarios and their variability can be found in Appendix
B.4.

abundant solar resources, and Switzerland reflects its characteristic
hydro-based system, while also being strongly influenced by neighbour-
ing countries. The comparison between weather-year and fuel price
scenarios reveals distinct sensitivities across the analysed countries.
Due to its reliance on nuclear power, France shows only minor variation
across different weather years, but is strongly affected by changes
in fuel prices. Switzerland exhibits a similar pattern: weather-year
variations have little impact, while fuel price assumptions significantly
influence the mean price distribution. In Germany, fuel price assump-
tions dominate the distribution of mean prices, reflecting the role
of flexible thermal generation (e.g., gas turbines or hydrogen-based
plants), while variations across weather years also have a significant
impact. Denmark has a large wind generation capacity, which allows
it to cover a substantial share of its electricity demand from domestic
wind resources. However, its system is strongly influenced by Germany,
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(c) Distribution of the daily mean of the eighth-highest spread.

Fig. 4. Boxplots of the daily mean of the second-, fourth-, and eighth-highest
wholesale price spreads across scenarios for different European countries.

resulting in similar sensitivities to changing conditions. In Spain’s solar-
dominated system, solar variability has a relatively minor effect on
the price distribution, whereas fluctuations in fuel prices of flexible
thermal power plants drive changes in mean values. Fig. 3(c) presents
the distribution of mean prices when both weather year and fuel price
variations are considered simultaneously. The combination of these
two sources of uncertainty introduces differences in all analysed coun-
tries. Comparing across years, it becomes apparent that the variance
of the mean price distributions tends to increase in 2040 and 2045.
The impact of fuel price variations is relatively high compared to
weather scenario variations, as the mean prices diverge further due
to the dynamics of the OU process (cf. Appendix B.4). Moreover, in
systems where weather scenario variations have a significant impact
(e.g., Germany), the overall spread of mean price distributions becomes
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notably larger compared to countries where weather sensitivity is low
(e.g., France). Consequently, the combination of sensitivity to both
weather scenarios and fuel price variations drives the overall variation
to the greatest extent.

Negative wholesale price events occur only rarely in the analysed
scenarios. The large-scale deployment of storage and electrolyser capac-
ities utilises surplus renewable generation, effectively limiting extreme
price drops and reducing the frequency of negative prices. As a result,
storage profitability is driven less by extreme negative price events
and more by the magnitude and consistency of positive price spreads.
Accordingly, Fig. 4 presents the distribution of the averages of the
second-, fourth-, and eighth-highest daily price spreads.” As the fourth-
highest daily spread remains relatively close to the second-highest, an
increase in storage capacity could be beneficial within this range. In
contrast, the eighth-highest spread is considerably lower, implying that
increasing capacity or using low-efficiency storage would yield only
limited contribution margins when exploiting these spreads. Comparing
countries, price spreads are consistently highest in Germany, indicat-
ing favourable conditions for storage profitability. Spain also exhibits
relatively large spreads, suggesting similarly favourable opportunities.
In contrast, France, dominated by nuclear generation, and Denmark,
with a high share of wind power, exhibit lower spreads, implying less
attractive conditions for storage deployment. The absolute variation
in average spreads across different fuel price and weather scenarios is
highest for the 2-hour spreads, while it decreases for the 8-hour spreads
(cf. Germany 2045: 49.21 €/MWh vs. 19.05 €/MWh). Accordingly,
the potential exploitation of these spreads by storage systems results
in more consistent contribution margins between scenarios.

3.2. Competitiveness of different storage parameter combinations

In the following subsections, when referring to a risk-neutral or
risk-averse investor, the contribution margin z*, as defined in Eq.
(13), is considered. A risk-neutral investor corresponds to 4 = 0,
while a risk-averse investor corresponds to A = 1. Accordingly, for
a risk-neutral investor, the figures depict the expected value of the
contribution margin, whereas for a risk-averse investor, the CVaR, of
the contribution margin is shown. The maximum annualised CAPEX
shown in the following subsections is assumed to equal the contribu-
tion margin #; for a year that can be achieved with the respective
combination of storage parameters k. Since the values represent the
maximum allowable annualised costs to ensure profitability, any fixed
operation and maintenance costs, if considered, would need to be
deducted accordingly to obtain the maximum admissible CAPEX.

As described in Section 2.3, discharge and charge powers are fixed
to 1 MW, while storage capacities are varied between 1 MWh and
168 MWh. The round-trip efficiency (RTE) is modelled via input effi-
ciency, such that all storage capacities are expressed in electrical terms.
Accordingly, the storage capacity can be described by the Energy-to-
Power (EtP) ratio, which denotes the discharge duration, i.e., the time
a storage system can continuously release energy at its rated power
from full charge to full discharge in hours.

Fig. 5 shows the maximum annualised CAPEX z* for Germany in
2035 required to achieve an annuity of zero, as a function of EtP ratio
and RTE, assuming a risk-neutral investor. The contour lines in Fig.
5 represent equal maximum annualised CAPEX values, which allow
to identify combinations of EtP ratio and RTE that are economically
equivalent. For example, a technology with lower RTE can achieve
comparable economic performance if the EtP ratio is sufficiently in-
creased. It can be observed that, particularly for low EtP ratios, an
increase in RTE yields comparatively little economic benefit, as lines
of equal maximum annualised CAPEX are predominantly vertical in
this region. In contrast, an increase in EtP ratio proves to be more

7 The calculation of daily spreads is detailed in Appendix C.1.
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Fig. 6. Maximum annualised CAPEX deviation Azr;ef according to Eq. (14) for
A =0 in Germany (2035) required to achieve the same annuity relative to a
4 hour EtP ratio and 92% RTE storage system with a contribution margin z"f
of 101.04 € /kW/a.

advantageous. With higher EtP ratios, this pattern changes: the contour
lines shift toward a more horizontal orientation. Consequently, further
increases in the EtP ratio become less beneficial, while improvements
in RTE gain relative importance. From this, it becomes evident that
the marginal value of additional capacity declines rapidly and remains
at low levels from around 8 h of storage duration onward, depending
on the RTE, as this turning point appears to shift to higher EtP ratios
as RTE increases. The same qualitative observations apply to the years
2040 and 2045, as well as to the other analysed countries. While
the absolute levels of the maximum annualised CAPEX differ due to
variations in price spreads across different years and countries, the
qualitative relationships between EtP ratio and RTE remain unchanged.
The corresponding figures are provided in Appendices B.5 and B.6°
Fig. 6 shows a similar graph for Germany in 2035 for a risk-
neutral investor. The maximum annualised CAPEX deviation Azr,rcef is
shown relative storage system representing a lithium-ion battery. The
resulting deviation shows how much more or less annualised CAPEX
is allowed for each storage configuration compared to the lithium-
ion battery to achieve the same annuity. Therefore, the contour along
the zero line represents combinations of parameters that yield the
same annuity as the reference lithium-ion battery, if the annualised
CAPEX between them are equal. It can similarly be inferred that
higher (lower) techno-economic parameters allow for correspondingly
greater (smaller) CAPEX deviations to be competitive. This relationship

8 Additional sensitivity analyses were conducted for an alternative system
pathway B.7, for variations in charge and discharge power B.8, as well as for
variable operation and maintenance costs and self-discharge B.9.
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Fig. 7. Extracted zero-contour lines (cf. Fig. 6) for different countries averaged
over the years 2035, 2040, 2045, showing combinations of RTE and EtP that
yield the same annuity as the reference 4 h lithium-ion battery system.

exhibits the same quantitative trend as the maximum allowable CAPEX
shown in Fig. 5.

For Fig. 7, contours along the zero line are extracted for different
countries. At a low EtP ratio, the curves show little variation. They
decline sharply, meaning that an increase in the EtP ratio allows for a
large reduction in RTE while maintaining the same profitability. The
differences emerge at the points where the curves transition from a
rather vertical to a more horizontal profile. This occurs at different RTE
values. For EtP ratios up to 8 h, increasing the EtP ratio can still allow
substantial reductions in RTE, averaging 18% across all countries when
moving from a 4 h to an 8 h EtP ratio. In most countries and years, these
benefits level off around this point. Beyond 8 h, further increases in
the EtP ratio yield diminishing gains, averaging 8% across all countries
when moving from an 8 h to a 24 h EtP ratio. However, in some cases,
such as Germany, appreciable reductions persist for EtP ratios up to
24 h. Notably, the location of this transition varies across countries
and years: in the cases of Switzerland and France, the transition starts
for higher RTE, resulting in a more rapid diminishing benefit of higher
EtP ratios, while in Germany, Spain, and Denmark, the transition starts
at a lower RTE, indicating that lower a RTE benefits from higher EtP
ratios for competitiveness. The comparison of this reference lithium-
ion system indicates that competitiveness can be maintained even at
lower efficiencies, provided that the EtP ratio is sufficiently high. As
can be inferred from Fig. 5, this observation can be generalised to
energy storage technologies more broadly, suggesting that economic
competitiveness at lower efficiencies can be achieved through a higher
EtP ratio. However, this requires that the marginal costs of additional
capacity remain low enough to keep the overall CAPEX at a level
comparable to the lithium-ion reference. At the same time, total CAPEX
must be low enough to ensure that the achievable contribution margin
still results in a profitable investment.

3.3. Investor risks

Fig. 8 shows the percentage deviation in maximum allowed CAPEX
between a risk-neutral and a risk-averse investor in Germany for 2035,
calculated as Azr;iSk, with risk aversion incorporated via CVaR, at a =
95%. The percentage change can be interpreted as the risk premium of
a highly risk-averse investor relative to a risk-neutral investor. It can
be observed that for higher RTE values, an initial increase in the EtP
ratio can still reduce risk, but the effect diminishes as the EtP ratio
continues to rise. For values around 50% RTE, the effect is already
relatively flat from the beginning, whereas for lower RTE values, an
initial increase in the EtP ratio reduces risk at first, but later on the risk
starts to increase again. By varying the RTE, it can be observed that for
lower EtP ratios, the effect on the risk premium is rather inconsistent.
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However, for higher EtP ratios, it becomes evident that an increase in
RTE leads to the strongest reduction in the risk premium, especially
when compared to the influence of the EtP ratio itself.

Fig. 9(a) illustrates the change in the risk premium A:r,rciSk with
increasing RTE, averaged over all years for each country and across
all EtP ratios corresponding to that RTE. It can be observed that, for all
countries except France, the risk premium decreases as RTE increases,
although the rate of decrease varies between countries. Fig. 9(b) shows
a similar analysis, but with increasing EtP ratio. Here, notable differ-
ences between countries emerge: while Germany exhibits hardly any
effect, France experiences a substantial decrease in the risk premium
as EtP increases. In contrast, Denmark’s risk premium increases with
higher EtP ratios. For risk-averse investors, higher RTE can thus be
desirable. Although the magnitude of this effect clearly depends on
the country-specific market conditions, it can reduce the risk premium
in some cases, making investments relatively less risky. Consequently,
technologies that achieve elevated RTE may be particularly attractive
to conservative investors, as they mitigate perceived uncertainties and
stabilise expected returns.

4. Discussion

The primary contribution of this paper lies in assessing mid-term
storage profitability from an investor’s perspective, while simultane-
ously providing valuable insights for the design of these technologies.
In particular, the findings highlight which technical characteristics
are most critical for achieving stable revenues under uncertain future
market conditions. This, in turn, provides an important foundation
for developing storage technologies that can offer economically vi-
able investment options and align technical design choices with the
requirements of future electricity markets.

4.1. Implications for the design of emerging storage technologies

One of the central findings of this work concerns the role of emerg-
ing storage technologies in bridging the mid-term storage gap between
short-duration and seasonal storage systems. Whether this mid-term
segment can be effectively established is primarily determined by the
cost of adding additional storage capacity. As shown in Fig. 5, for
increasing EtP ratios beyond 24 h, the contour lines exhibit an almost
constant slope. This indicates minor changes of the maximum CAPEX
for a given efficiency with increasing EtP ratios, as the marginal con-
tribution margin decreases rapidly with increasing storage capacity, a
finding, which is in line with [20]. On the other hand, for a constant EtP
ratio, increasing RTE leads to significant improvements in maximum
allowable CAPEX, demonstrating how improvements in RTE strongly
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enhance the economic margin for storage technologies, aligning with
the findings of Sioshansi et al. [51]. This implies that if seasonal
storage technologies are already economically viable considering their
total CAPEX, they will remain profitable in the mid-term range. For
short-duration technologies, however, CAPEX levels must already be
sufficiently low to realise economically viable systems. If the marginal
cost per additional unit of capacity is too high, these technologies can-
not profitably extend into the mid-term range. Hence, the emergence
of a mid-term storage segment in the market is less subject to the EtP
ratio itself, but a function of cost structure. The CAPEX characteristics
of technologies aimed at serving this segment must enable them to
outperform short-duration storage systems at higher storage durations
while remaining competitive against seasonal solutions. This outper-
forming effect, where total CAPEX of mid-term systems becomes lower
than that of short-duration systems, must occur at sufficiently small
capacities to prevent seasonal storage from dominating the same range
through more favourable cost scaling. For technology development
and design, this implies that minimising costs per unit of capacity
should be a key design objective, as it enables the technology to
reach economically viable operation at relatively low EtP ratios. Fig.
6 further illustrates that technologies with lower RTE can match the
performance of lithium-ion batteries by increasing their EtP ratio, but
this requires careful optimisation of component sizing and material
utilisation to keep the specific costs per unit of energy low. The RTE
represents an additional design lever, highlighting the importance of
improving conversion efficiency to enhance the overall competitiveness
of mid-term storage technologies compared to short- and long-duration
systems.

In summary, these findings highlight the role of technical design
choices in determining the competitiveness and investment feasibil-
ity of mid-term storage technologies, reflecting the core aims of this
research.

Further analyses of energy storage systems with capacity expansion
models [52] confirm that energy capacity costs and round-trip effi-
ciency are the dominant factors determining economic performance.
These findings support the generality of the design implications, em-
phasising that minimising energy CAPEX and improving RTE are key
levers for profitable mid-term storage under varying market conditions.
Enhancing these design aspects can thus enable the design of storage
technologies to offer attractive and competitive incentives for investors.
At the same time, the relevance of these design implications depends
on the underlying modelling approach, its methodological assumptions
and market context. For instance, Esser et al. [11] report contrast-
ing results based on a capacity expansion model, suggesting different
design priorities for emerging storage technologies. For the example
of Carnot batteries,” they find that an increase in the EtP ratio more
efficiently increases the maximum allowable CAPEX than the RTE.
Thus, for the design of emerging technologies, they suggest favouring
an increase in the EtP ratio over the RTE. Theoretically, the profit
maximisation objective of individual agents applied in this study aligns
with the cost minimisation objective of a central planner in an idealised
market, as used by Esser et al.. First, this study assumes exogenously
given capacities, whereas Esser et al. consider endogenous capacity
expansion. In this study, storage operates within an existing system
configuration and exploits given price spreads without influencing
them. As a consequence, increasing the EtP ratio expands operation
to only a limited number of additional hours, which exhibit smaller
and less pronounced price spreads. The additional contribution margin
therefore declines, implying that the total contribution margin does
not increase proportionally with a higher EtP ratio. This effect is not
specific to the present model but is also captured in capacity expansion
models, where contribution margins are endogenously determined as

9 Carnot battery also is referred to as pumped heat energy storage or, less
specifically, power-to-heat-to-power energy storage.



J. Stelzer et al.

Energy Conversion and Management 360 (2026) 121554

—&—  Germany
—4— Spain
—e— France

Switzerland
—¥— Denmark

40%
(0]
S8
2e
%) % 30%
= 0
9%
e
<

20%

0.2

0.4 0.6 0.8 1.0

Round-trip efficiency

(a) Average change in the risk premium with increasing RTE for each country, averaged over all years and

all EtP ratios corresponding to that RTE.

—=—  Germany Switzerland
40% —4— Spain —¥— Denmark
é g —e— France
LA
35
Sz
A % 30%
oA
<
5 4
15 e S——
<> o T
20%
8 24 72 168

Energy-to-Power Ratio [h]

(b) Average change in the risk premium with increasing EtP ratio for each country, averaged over all years
and across all RTE values corresponding to that EtP.

Fig. 9. Average risk premium change AnziSk (cf. Eq. (15)) for a risk-averse investor (1 = 1) relative to a risk-neutral investor (41 = 0). Lower values indicate a
smaller difference between a risk-averse and risk-neutral investor, reflecting more robust contribution margins.

a function of capacity expansion decisions. In contrast, an increase in
RTE can unlock additional arbitrage opportunities by reducing per-
cycle losses, thereby enabling the utilisation of smaller price spreads
that would otherwise be unprofitable. Second, in a capacity expansion
model with endogenous investment decisions, scarcity prices emerge
as equilibrium outcomes reflecting system adequacy constraints. These
scarcity rents, which would otherwise be captured by firm capacity,
can instead be appropriated by cost-competitive storage technologies
with high EtP, potentially displacing conventional firm capacity as a
profitable investment option. In such idealised settings, scarcity prices
are typically not subject to explicit upper bounds. In principle, a
single extreme scarcity hour with very high prices could therefore be
sufficient to render an investment profitable. In contrast, most real-
world energy-only markets impose price caps, limiting the magnitude
of scarcity rents. Under these conditions, several scarcity hours are
generally required for the marginal unit to recover its fixed costs,
or additional remuneration mechanisms, such as capacity markets,
must provide complementary investment incentives to ensure resource
adequacy.

For technology design, it is essential to consider both modelling
perspectives in order to support robust technology development and to
effectively guide design strategies for emerging storage technologies.
In particular, designing storage technologies should account for two
key requirements. First, designs must address system-level needs from
a central-planner perspective, ensuring adequate energy provision, for
example through higher EtP ratios. Second, technologies must also
be economically viable from an individual view, meaning that stor-
age systems should exhibit performance characteristics that support
positive investment returns in the underlying market context. Such
economic viability can be assessed in both capacity expansion models

and agent-based models. In this work, the chosen approach offers
complementary advantages, as it is more computationally tractable and
allows for the analysis of a larger number of scenarios and sensitivities.
Moreover, the use of an exogenous capacity mix enables the representa-
tion of out-of-equilibrium conditions and provides insights into short-
to medium-term market outcomes before or after the system adjusts
through investment.

4.2. Implications for investors

Based on the implications for technology design, several conclusions
can be drawn for potential investors. Given Table 1, which presents the
annualised CAPEX for various storage technologies, it becomes evident
that the maximum CAPEX required to reach economic break-even, as
illustrated in Figs. 5, lies far below the investment levels associated
with storage technologies indicated in the Danish Energy Agency Tech-
nology Data Report [53] and Dumont et al. [54]. Le., the marginal
cost of additional capacity exceeds the marginal contribution margin
attainable through market operations, implying that further capacity
expansion does not yield a positive annuity. Moreover, as shown in
Table 1, lithium-ion batteries'® become more expensive in annuity
terms than alternative technologies beyond a certain EtP threshold.
However, at these thresholds, the marginal contribution margins are

10 Under the assumptions underlying the results in Table 1, lithium-ion
batteries would not constitute a profitable investment. This contrasts with their
current (2025) high attractiveness and grid-connection requests in Germany,
which is largely driven by revenues from multiple value streams across
different markets, whereas this analysis considers arbitrage income from a
single wholesale market only.
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Maximum annualised CAPEX for Germany in 2035 (risk-neutral) and annualised CAPEX derived from the
reference with discount factor of 7% for different technologies in € /kW/a, considering different EtP ratios.
If the maximum allowed annualised CAPEX exceeds the option’s annualised CAPEX, the corresponding
RTE/EtP combination is considered a profitable investment under the given assumptions.

RTE EtP

4 h 8 h 24 h
Lithium-ion battery 92%
Maximum allowed annualised CAPEX 101.04 143.04 182.97
Annualised CAPEX? 138.30 265.80 775.79
Vanadium redox flow battery 80%
Maximum allowed annualised CAPEX 88.34 119.48 152.09
Annualised CAPEX*? 195.01 353.13 985.60
Compressed air energy storage 70%
Maximum allowed annualised CAPEX 76.48 98.64 125.30
Annualised CAPEX® 181.85 246.32 504.23
Carnot battery (low RTE) 30%
Maximum allowed annualised CAPEX 31.78 37.96 45.52
Annualised CAPEX" 165.37 292.59 801.43
Carnot battery (high RTE) 73%
Maximum allowed annualised CAPEX 80.01 104.88 133.44
Annualised CAPEX" 155.61 245.56 605.36

All CAPEX values in nominal €.
a [53].
b [54].

already significantly reduced, such that further investment is not eco-
nomically justified. A comparison of Table 1 with Fig. 5 demonstrates
that the points at which the annuity would reach parity are already
located beyond the economically attractive region for additional ca-
pacity investments. Consequently, mid-term storage investments are
not profitable under these scenario assumptions and market conditions
if relying solely on arbitrage opportunities in the day-ahead market.
This suggests that for storage technologies to become viable, additional
revenue streams or market mechanisms (e.g., capacity payments or
ancillary services) will be required, or a behind-the-meter application
may be more favourable. Similar conclusions have been made by
Taponen et al. [55] and Drury et al. [56].

From a risk perspective, technologies with a higher RTE exhibit re-
duced sensitivity to investors’ risk preferences, resulting in more stable
investment incentives under uncertainty, as illustrated in Fig. 9(a). In
contrast, an increase in the EtP ratio itself only marginally affects the
robustness of investment attractiveness under risk considerations for
most countries (cf. Fig. 9(b)). Beyond an EtP of 72 h, further increases
in the EtP ratio do not significantly alter the risk structure. This can be
explained by the following reasoning. A high RTE enables the storage
system to profitably exploit even smaller price spreads and, thus, is less
dependent on large spreads. Conversely, a higher EtP ratio primarily
increases the number, but not the magnitude, of spreads that can be
utilised. These additional spreads must be large enough to ensure prof-
itability given the corresponding RTE. Moreover, as a higher EtP ratio
allows for the exploitation of a larger number of price spreads, the vari-
ation among these additional spreads decreases (cf. Fig. 4), resulting in
less variation of the contribution margin between scenarios. Thus, RTE
acts as a double-positive driver: it enhances absolute profitability while
simultaneously minimising the exposure to market uncertainties from
mean reverting processes. RTE can therefore not only be interpreted
as an economic advantage but also as a risk-mitigating factor in en-
ergy storage investments. From a financial perspective, this allows for
reducing the risk premium or discount rate adjustment that investors
apply to uncertain revenue streams. This highlights RTE as a central
parameter in evaluating the profitability and risk profile of storage in-
vestments. Additionally, the availability of long-term contracts or other
hedging instruments could further mitigate revenue uncertainty and,
in combination with favourable techno-economic parameters, improve
investment attractiveness under market risk.
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Taken together, these findings show, in accordance with the study’s
contributions, which mid-term storage configurations constitute prof-
itable investment options and how their economic viability is affected
by market uncertainties.

4.3. Limitations and outlook

The following limitations should be considered when evaluating
the findings. This study relies on scenario data from the TYNDP 2024
Global Ambition Scenario [44] as well as weather years from the ERAA
2024 framework [43]. Therefore, the results represent estimates of po-
tential future developments, based on current trends and technologies,
but are naturally subject to uncertainty. Future technological inno-
vations or alternative development pathways could lead to different
outcomes.

Additionally, as is often done in the literature, fuel prices are mod-
elled and assumed to exhibit mean reverting behaviour. Since there are
arguments both for and against this behaviour,!! it remains uncertain
whether past patterns will persist in the future.

Furthermore, the PowerACE simulation model used in this study
focuses exclusively on the day-ahead spot market for electricity. Al-
though this market plays a central role in price formation and trading
decisions, other markets, such as intraday trading, capacity markets,
and balancing services, may offer additional economically relevant
opportunities for storage systems. The multiplicity of markets and
revenue streams and the consideration thereof in market models is
an important area of future research.'? As the consideration of these
markets is beyond the scope of this study, the results may be re-
garded as a conservative estimate. At the same time, the long-term
expansion of flexible capacity may lead to increasing competition in
system service markets, potentially reducing price levels and limiting
the contribution of additional revenue streams. This effect has been
observed, for example, in the German market for automatic Frequency
Restoration Reserve (see Nitsch et al. [25]). In such a setting, the
profitability of storage systems may be driven primarily by wholesale
market spreads, as these markets typically exhibit the largest traded
volumes and provide the fundamental price signals in the electricity

11 For a discussion, see Pindyck (1999) [57].
12 For a discussion, see Lynch et al. (2025) [58].
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system. In addition, capacity price bids in reserve markets are generally
derived from the opportunity costs of not participating in the day-
ahead market. Another aspect of future electricity markets that is not
considered here, is the impact of sector coupling on price formation
through the opportunity costs of a cross-sectoral demand, which can
become price-setting [59].

Concerning the linear energy storage optimisation model, it is im-
portant to acknowledge that it operates under the assumption of perfect
foresight over an entire year. As it runs outside of the PowerACE sim-
ulation and uses only the resulting price paths, this approach does not
take into account the potential feedback effects on market outcomes.
The results should therefore be interpreted as indicative of poten-
tial first-mover advantages or market entry opportunities under static
market conditions. The lack of endogenous investments in the energy
system may constrain the benefits of very high EtP configurations, as
pre-existing firm capacity cannot be displaced or replaced. As this study
focuses on the perspective of an individual investor rather than the
entire system, the economic potential of high EtP configurations may
therefore be underestimated compared to a system-level perspective.
Moreover, by treating generation investments exogenously, this study
cannot capture how appropriate techno-economic configurations could
reduce revenue uncertainty and provide a competitive advantage over
existing firm capacity, which, as shown in the literature, can otherwise
facilitate investment in energy storage.

With regard to the techno-economic parameters of storage systems,
it is important to note that neglecting fixed and variable costs, as
well as technical characteristics such as ramp rates, degradation, or
self-discharge losses, can have an impact on the robustness and accu-
racy of the results. In particular, storage degradation is not modelled
dynamically in terms of state-of-health evolution, capacity fade, or
efficiency losses over time. While this simplification is adopted in
techno-economic analyses to maintain tractability, it does not capture
the temporal progression of degradation or its interaction with opera-
tional strategies. In practice, storage systems may experience non-linear
ageing effects, leading to a reduction in usable capacity and operational
flexibility, which can affect market revenues. Therefore, the results
should be interpreted as representing idealised system behaviour.'* A
more detailed degradation modelling framework tailored to specific
technologies could further refine the assessment of long-term economic
performance.

In addition, this study primarily focuses on uncertainties arising
from mean reverting processes for fuel prices and renewable gener-
ation time series. It should be emphasised that additional sources of
uncertainty, for example, those related to future expansion pathways
of generation or storage infrastructure, could also have a significant
impact on investment outcomes. Incorporating these factors might alter
both the timing and scale of optimal investment decisions, highlight-
ing the inherent complexity and unpredictability of long-term energy
system planning.

Future research could improve the assessment of storage investment
opportunities by modelling endogenous investments that directly com-
pete with other technologies, rather than assuming static market con-
ditions. Additionally, incorporating a broader range of uncertainties,
such as path-dependency from uncertain capacity expansion, would
provide a more comprehensive view of potential investment risks and
timing. Finally, examining behind-the-meter applications and other al-
ternative use cases, as well as exogenous investment incentives such as
capacity remuneration mechanisms, could reveal additional pathways
for achieving profitable mid-term storage investments.

13 The high temporal resolution of the results and the use of annualised
metrics (€/MW/a) allow technology developers to estimate expected revenues
under reduced effective capacity levels. This enables an approximate con-
sideration of state-of-health-related capacity losses in investment decisions,
although such effects are not explicitly modelled.
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5. Conclusions

Focusing on mid-term electricity storage in future energy systems,
the impact of storage capacity and round-trip efficiency on investment
profitability under uncertainties in fuel prices and weather conditions
is assessed. By integrating mean reverting stochastic processes for fuel
prices and renewable generation profiles within the PowerACE market
model, the impact of these inherent uncertainties on the economic
performance of storage technologies is evaluated, with a focus on
wholesale market revenues. Using an inverse perspective, a wide range
of combinations of technical design parameters are explored, identi-
fying the maximum capital expenditure that allows mid-term storage
configurations to remain profitable under future system conditions.

From this assessment, the following design limits and investment
risk insights regarding the profitability of mid-term storage technolo-
gies are identified:

» The economic viability of technologies designed to bridge mid-
term storage gaps depends primarily on their cost structure,
specifically, the capital expenditure per additional unit of ca-
pacity. Technologies with lower round-trip efficiency can remain
competitive if they achieve sufficiently high energy-to-power ra-
tios while maintaining low specific capital expenditure, highlight-
ing the critical interplay between efficiency, storage duration, and
investment costs in the design of mid-term storage solutions.
Under the examined market conditions, mid-term storage in-
vestments are not economically viable when relying solely on
wholesale day-ahead arbitrage, as the marginal contribution of
additional capacity is outweighed by the associated costs. To
achieve financial feasibility for these technologies, alternative
revenue streams are required, or additional use cases could be ex-
plored. Potential options include participation in ancillary service
markets, the utilisation of political instruments such as capacity
remuneration mechanisms, or other applications, for example,
behind-the-meter deployment.

Mean reverting uncertainties in fuel prices and renewable gen-
eration profiles significantly influence the profitability of storage
technologies, making the identification of robust configurations
essential. Efficiency plays a dual role by both increasing absolute
profitability and reducing market risks. Higher round-trip effi-
ciency decreases sensitivity to investor risk aversion, thereby sta-
bilising the economic attractiveness of storage under uncertainty.
In contrast, the energy-to-power ratio has a comparatively smaller
impact on risk profiles. Beyond approximately 72 h of storage
duration, further increases provide strongly limited additional
benefits in terms of risk mitigation.

Overall, the results enable the identification of storage configura-
tions that remain economically viable and robust across a range of
realistic system conditions, providing actionable guidance for technol-
ogy design and investors when designing storage systems and fill the
mid-term storage segment in future electricity markets.

CRediT authorship contribution statement

Jonathan Stelzer: Writing — review & editing, Writing — origi-
nal draft, Visualization, Software, Methodology, Investigation, Formal
analysis, Data curation, Conceptualization. Katharina Esser: Writing
— review & editing. Thorsten Weiskopf: Writing — review & edit-
ing, Software. Armin Ardone: Conceptualization. Valentin Bertsch:
Writing — review & editing, Supervision, Project administration, Fund-
ing acquisition, Conceptualization. Wolf Fichtner: Supervision, Project
administration, Conceptualization.



J. Stelzer et al.

Research data

The data for electricity price paths and resulting contribution mar-
gins is provided and can be accessed via Zenodo: 10.5281/
zenodo.17791669.

Declaration of Generative AI and Al-assisted technologies in the
writing process

During the preparation of this work the authors used DeeplL and
ChatGPT in order to avoid grammatical and spelling errors. After using
this tool/service, the authors reviewed and edited the content as needed
and take full responsibility for the content of the publication.

Declaration of competing interest

The authors declare the following financial interests/personal rela-
tionships which may be considered as potential competing interests:
The authors declare that they have no known competing financial in-
terests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgment

The authors gratefully acknowledge funding from the Deutsche
Forschungsgemeinschaft (DFG, German Research Foundation) — Project
numbers 526233915; 526062606 — within the Priority Programme
2403 “Carnot Batteries: Inverse Design from Markets to Molecules”.

Appendix A. Extended literature review

This section critically reviews the literature on energy storage as-
sessment, focusing on cost-based and market-revenue-oriented meth-
ods. It highlights the limitations of conventional metrics, the partial
advances of techno-economic approaches, and the remaining gap in
linking technical design parameters with investment risk and economic
viability under uncertainty, which is addressed in this study.

To assess and compare energy storage technologies, the literature
often relies on techno-economic metrics such as the LCOS, which has
been widely applied to evaluate the cost performance of different
storage options under assumed technical and economic parameters.
Various studies have applied LCOS calculations to a broad range of
technologies. The relative cost competitiveness of these technologies
is investigated, including lithium-ion batteries, pumped hydro storage,
and compressed air storage [18], with redox flow batteries and hydro-
gen storage additionally considered [10], as well as emerging systems
with gravity- or heat-based storage [60] such as Carnot batteries [19].
The reviewed studies identify battery storage as most suitable for
short-duration applications and hydrogen or power-to-gas systems for
seasonal storage, while assessments of compressed air energy storage
and pumped hydro differ, with some studies classifying them as short-
and others as mid - or long-duration options.

Further studies provide more detailed technical analyses primarily
for compressed air [61] and thermal energy storage systems [62],
where the respective models are optimised with respect to the LCOS.
As most studies assume fixed storage durations between 6 hours - 10 h,
Tassenoy et al. [63] show that Carnot batteries maximise the net
present value at a 14.5 h charge and 21.8 h discharge, while McTigue
et al. [64] find financial potential of Carnot batteries to compete with
Li-ion batteries at charge durations above 6 h. The sensitivity analyses
presented across these studies reveal that the LCOS is highly sensitive
to the discharged energy volume and the electricity purchase price.
Therefore, as a purely cost-based indicator, the LCOS offers only limited
explanatory power for informing technology development and invest-
ment strategies. It does not adequately reflect the revenue potential
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that storage technologies can realise in electricity markets [9]. Conse-
quently, additional research increasingly emphasises techno-economic
modelling approaches that combine technical performance parameters
with market-based revenue assessments.

These approaches enable a more comprehensive assessment of stor-
age profitability by considering key financial indicators, including con-
tribution margins, the net present value or the internal rate of return.
Taponen et al. [55] evaluate mid-term energy storage options based
on day-ahead and intraday market prices for Finland in 2023. They
find that, while day-ahead trading alone is not economically viable,
intraday operations can improve profitability. With a focus on the
investor perspective, Spodniak et al. [20] investigate key factors in-
fluencing the economic viability of large-scale, centralised electricity
storage in the day-ahead markets in Germany, the UK and Scandinavia
during the period 2006-2016 for different EtP ratios. They find that
for the markets and time-frame considered, the marginal increase in
contribution margins decreases quickly as the EtP ratio is increased.
By analysing lithium-ion battery performance in day-ahead markets in
22 countries (2016-2022), Komorowska et al. [21] find that batteries
yield a negative net present value under their capital costs assumptions
for 2022. Poli et al. [22] came to the same conclusion for redox-flow
batteries, evaluating them in the Italian market. Cetegen et al. [23] find
that a liquid air energy storage in the Texas electricity market with
a 16 h charge and 8 h discharge can cover both CAPEX and opera-
tional expenditure, whereas Vecchi et al. [24] show in a UK case how
simultaneous participation in reserve markets can further increase rev-
enues. Similarly, Nitsch et al. [25] simulate the German day-ahead and
automatic frequency restoration reserve markets to evaluate revenue
potentials of battery storage using an agent-based electricity market
model. For a 2030 market with high shares of renewable energies, they
find that compared to 2019, the economic potential will increase and
so will the importance of the day-ahead market.

Nevertheless, even within more market-based modelling frame-
works, most studies still rely on predefined cost assumptions and focus
on specific storage technologies. While such analyses can indicate
whether a given technology may be economically viable under certain
conditions, they do not provide insights into how storage systems
should be designed or which techno-economic parameter combinations
(i.e., investment cost, storage capacity, or round-trip efficiency) would
enable profitability. Consequently, there is a need for approaches that
explicitly link technical design parameters to economic feasibility.
Esser et al. [11] develop a multi-objective inverse modelling approach
that links technical design parameters directly to generation expansion
planning. They demonstrate their approach for Carnot batteries using
a model setup that includes five European countries in the target year
2050 under full decarbonisation conditions, and find that the maximum
allowable CAPEX at which these systems remain endogenously de-
ployed is low, at around 140 € /kW (12 € /kW/a). However, higher EtP
ratios effectively improves allowable CAPEX. For the same target year
under a full decarbonisation scenario, Nitsch et al. [26] combine gen-
eration expansion with market modelling to show that Carnot batteries
become economical at annualised CAPEX levels of 25-27 € /kW/a for
EtP ratios of 7-8 h and 3.7-35.8 GW of installed capacity. Sorknaes
et al. [27] investigate the system cost reduction potential of Carnot
batteries in a 100% renewable Danish energy system for the target
year 2045. They identify an economic threshold of 60-66 € /MWh for
discharging costs, corresponding to annualised CAPEX of roughly 165
€ /kW/a. By integrating Carnot batteries exogenously into the German
electricity market for the years 2030-2040, Stelzer et al. [28] conclude
that higher EtP ratios of Carnot batteries lead to lower profitability,
as the additional revenue does not fully compensate for the increased
costs associated with the larger EtP ratio. Together, these studies
advance storage analysis toward integrated generation expansion and
competitiveness perspectives, revealing thresholds of emerging storage
technologies to enter and sustain market relevance. However, these
techno-economic assessments do not capture the full extent of inherent
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risks and uncertainties in future energy market conditions, including
fluctuating electricity prices and renewable generation variability.

Studies that combine investment risk and uncertainty with storage
valuation tend to move away from identifying maximum cost thresh-
olds or applying inverse modelling approaches. Instead, they focus
again on predefined technology configurations and parameter sets,
thereby limiting insights into how design choices influence economic
feasibility under uncertainty. Geske et al. [29] use a Markov decision
model to optimise storage capacity under uncertain residual load (from
demand and wind/solar variability), finding that these uncertainties
increase effective storage costs by 27% from 4.1 € /kWh to the perfect-
foresight value of 5.6 € /kWh. In addition, Hammann et al. [30] apply
a real options approach to evaluate the option value of adiabatic com-
pressed air energy storage, where uncertainties such as varying natural
gas prices lead to a high option value. Bakke et al. [31] have analysed
the profitability of lithium-ion battery investments under variable spot
and balancing prices, showing that high uncertainty in future battery
costs leads investors to postpone investment decisions until additional
information becomes available. Nevertheless, stochastic equilibrium
models have been applied to explicitly modelling market interactions,
risk hedging opportunities, and the impact of incomplete long-term
contracts on investment decisions. For instance, de Maere d’Aertrycke
et al. [13] show that incomplete long-term contracting can significantly
reduce investment incentives in the restructured power sector, and
that the effectiveness of long-term instruments such as contracts for
differences or forward capacity markets depends critically on market
liquidity and proper calibration. Their stochastic simulations indicate
that risk exposure, risk aversion, and the extent of risk trading dras-
tically influence investment outcomes, highlighting the importance
of carefully designed hedging mechanisms to support profitable and
timely deployment of clean energy technologies. In the context of
energy storage, Makrides et al. [35] apply a two-stage stochastic equi-
librium model to examine how missing risk markets affect investment
in storage under uncertainty. They show that limited hedging oppor-
tunities increase the cost of capital and disproportionately constrain
the energy rather than the power capacity of storage, highlighting
the importance of de-risking mechanisms and supplementary revenue
streams to support investment in high-capital, reliability-enhancing
technologies. While such approaches provide valuable insights into in-
vestment risk, they fall short of linking the underlying techno-economic
parameters to the resulting investment feasibility, particularly in terms
of how storage systems should be designed to remain attractive under
incomplete hedging opportunities or missing risk markets.

Appendix B. Input assumptions and additional results

B.1. Capacities of energy system trajectory
See Table B.2.

B.2. Weather scenario weights
See Table B.3.

B.3. Empirical covariance matrix of historical fuel prices and parameters of
the multivariate OU process

See Tables B.4 and B.5.
B.4. Representative fuel price paths

See Fig. B.10.
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Table B.2
Capacities and total demand in the fixed energy system path for each
country.

2035 2040 2045 Unit
Germany
Total electricity demand 892.84 1021.25 1145.83 [TWh]
Natural gas turbine 79.41 67.16 33.58 [GW]
Hydrogen turbine 17.13 25.44 45.01 [GW]
Wind 192.27 225.75 243.92 [GW]
Solar 299.47 383.95 420.17 [GW]
Other renewable/thermal 13.24 9.76 8.2 [GW]
Reservoir 0.81 0.81 0.81 [GW]
Lithium-ion batteries 50.17 78.53 99.80 [GW]
Pumped hydro storage 9.37 10.73 10.73 [GW]
Electric vehicles 26.23 48.74 48.74 [GW]
Demand side response 20.10 20.94 21.67 [GW]
Electrolyser 22.71 36.79 60.24 [GW]
France
Total electricity demand 559.57 636.56 701.80 [TWh]
Natural gas turbine 6.5 6.02 491 [GW]
Hydrogen turbine 0.78 1.56 428 [GW]
Nuclear 64.50 66.00 58.06 [GW]
Wind 67.98 87.37 105.87 [GW]
Solar 93.7 122.57 158.08 [GW]
Other renewable/thermal 16.01 16.01 16.01 [GW]
Reservoir 9.84 9.84 9.84 [GW]
Lithium-ion batteries 3.35 6.66 10.23 [GW]
Pumped hydro storage 4.24 4.84 5.46 [GW]
Electric vehicles 22.43 34.91 41.09 [GW]
Demand side response 6.50 6.50 6.50 [GW]
Electrolyser 4.18 10.42 19.80 [GW]
Switzerland
Total electricity demand 65.55 72.78 73.09 [TWh]
Wind 0.73 1.15 1.69 [GW]
Solar 9.77 10.1 11.71 [GW]
Other renewable/thermal 4.71 4.93 5.21 [GW]
Reservoir 8.73 8.93 9.05 [GW]
Lithium-ion batteries 0.67 1.11 1.56 [GW]
Pumped hydro storage 5.19 6.02 6.14 [GW]
Electrolyser 0.26 0.26 0.26 [GW]
Denmark
Total electricity demand 104.48 131.64 150.75 [TWh]
Natural gas turbine 1.52 1.11 1.11 [GW]
Hard coal 1.24 1.17 1.17 [GW]
Wind 30.8 37.8 44.55 [GW]
Solar 21.71 22.32 23.38 [GW]
Other renewable/thermal 0.75 0.75 0.75 [GW]
Lithium-ion batteries 0.53 0.53 0.55 [GW]
Electric vehicles 0.55 0.91 1.93 [GW]
Electrolyser 19.60 29.12 35.07 [GW]
Spain
Total electricity demand 403.38 474.05 501.07 [TWh]
Natural gas turbine 20.51 20.51 17.71 [GW]
Wind 79.66 85.83 91.99 [GW]
Solar 103.09 134.73 144.74 [GW]
Other renewable/thermal 5.15 5.15 5.15 [GW]
Reservoir 11.41 11.41 11.41 [GW]
Lithium-ion batteries 4.60 7.4 8.3 [GW]
Pumped hydro storage 11.13 11.73 12.73 [GW]
Electric vehicles 15.29 24.06 28.35 [GW]
Demand side response 2.70 3.50 3.75 [GW]
Electrolyser 29.00 32.75 39.15 [GW]

B.5. Contribution margins for storage parameter combinations for a risk-
neutral investor

See Fig. B.11.

B.6. Contribution margins for storage parameter combinations for a risk-
averse investor

See Fig. B.12.
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Fig. B.10. Cluster representative fuel price paths for each fuel type over the full time horizon, with legend indicating the weight of each path.

B.7. Sensitivity to system-pathyway

To account for an alternative system pathway, the methodology
is additionally applied using a fixed energy system pathway from the
TYNDP 2024 Distributed Energy Scenario. Fig. B.13 presents the results
for Germany in 2035. The overall behaviour is consistent with that
observed under the Global Ambitions scenario. Although the absolute
magnitude of the maximum annualised CAPEX differs between the
scenarios, the qualitative trends remain unchanged.

B.8. Sensitivity to charge power and discharge power

As shown in Figs. B.14 and B.15, a reduction in discharge power at
constant charge power results in a smaller loss of contribution margin
than the reverse. This is because, in the assumed scenario, a high
capacity of electrolysers and electric vehicles operate for many hours
under dominant renewable generation. Because this generation has
historically caused very low prices, the operation of sector-coupling
technologies in this scenario raises the overall price level. Conversely,
high storage and flexibility smooth price peaks, resulting in only a few
low-price hours and longer consecutive high-price hours.

B.9. Sensitivity to variable operating and maintenance costs and self-
discharge

The given scenario is also applied to the following storage con-
figurations, considering a variable operating and maintenance cost of
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5 €/MWh, as summarised in Table B.6. It can be seen that storage
systems with higher RTE are less affected by these costs.

The same analysis is applied to the impact of self-discharge of 1%
per day on different storage configurations, shown in Table B.7. It can
be seen that storage systems with higher RTE are less affected, while
higher EtP ratios increase the effect.

Appendix C. Additional methods

C.1. Average daily spreads

The average daily spreads, shown in Fig. 4, are calculated as follows:
For each day d, let P, |, P,,,..., P;,, denote the set of hourly prices.
The nth largest and nth smallest prices are defined as Pj‘ ” and PdT’(n),
respectively. The daily n-spread is computed as

_p!

— pl
=P ()

(n)
Sy d(n)

The mean daily n-spread over all days D is

Y s

deD

-1
|D|
S‘(j") represents the difference between the nth largest and nth smallest

. s . <m . .
hourly price within a single day, and S~ summarises this measure
across the entire dataset.
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C.2. Mathematical representation of weather scenario weights

A total of I weather scenarios i € I = {l,...,1} are considered,
each with hourly values for renewable generation capacity factors and
electricity demand as component ¢ € C. The scenario probability w’
is computed through a weighted aggregation over areas a = 1,..., A,
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Fig. B.11. Maximum annualised CAPEX for all analysed countries (rows) and years (columns) with 1 =0.

across all scenarios is

1
Haem = m

components ¢ = 1, ...,C, and months m = 1, ..., 12. For each component

¢ in area ¢ and month m, the monthly mean over hours 4 is calculated

as:
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m he month m

where x; , ., denotes the hourly value of scenario i, component ¢, and
area a, and »” is the number of hours in month m. The monthly mean
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Fig. B.12. Maximum annualised CAPEX for all analysed countries (rows) and years (columns) with A = 1.

The deviation is assigned to bins as follows: The component weight is

comp _ Capacity or demand of component ¢ in area a .7
Binl, 4,,.m<-20,cm * 23,:1 Capacity or demand of component ¢ in all areas )
i - <A, - . e .
Bin 2, —204cm < Aiaem < ~Cacm The total scenario probability is computed by summing over all areas,
Bin, = Bin 3, —oucm < digem <0 (C.5) components, and months:
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Fig. B.13. Maximum annualised CAPEX z* (cf. Eq. (13)) in Germany (2035) for a risk-averse investor (1 = 1).
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Fig. B.14. Relative contribution margin [% of the reference at 1 MW discharge power] as a function of reduced discharge power for different RTE and EtP ratios,
while the charge power remains fixed at 1 MW. For example, a value of 0.5 on the x-axis represents the configuration at 1 MW charge and 0.5 MW discharge,
and the y-value gives the contribution margin relative to the 1 MW/1 MW reference case.
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Fig. B.15. Relative contribution margin [% of the reference at 1 MW charge power] as a function of reduced charge power for different RTE and EtP ratios,
while the discharge power remains fixed at 1 MW. For example, a value of 0.5 on the x-axis represents the configuration at 1 MW discharge and 0.5 MW charge,
and the y-value gives the contribution margin relative to the 1 MW/1 MW reference case.
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Table B.3 Table B.7

Weather scenario weights for ERAA 2024 weather scenario capacity factor Impact of self-discharge on different storage configurations for a risk neutral

profiles. investor in Germany 2035. Values indicate contribution margin reduction.

Scenario 2035 2040 2045 RTE EtP
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WS6 0.030094 0.027443 0.027461

WS7 0.033703 0.029007 0.028981

WS8 0.028069 0.028446 0.028392 ilabili

Ws9 0.027828 0.029552 0.020479 Data availability

WS10 0.031980 0.030164 0.030222

ws11 0.028304 0.026438 0.026453 The data for electricity price paths and the resulting contribu-

x:i; g'gzzgzi g'gizzg‘l‘ gg;z;gz tion margins are available at Zenodo: https://doi.org/10.5281/zenodo.

W14 0.0288 48 0'02831 s 0.028255 17791669. All other data used in this study cannot be shared publicly

WS15 0.018540 0.024816 0.024843 due to restrictions but are available from the sources cited in the paper.

WsS16 0.020470 0.026941 0.026933
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WS18 0.027452 0.027076 0.027079 References
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Ws23 0.029310 0.028105 0.028108 https://www.ipce.ch/st15/.
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w29 0.030190 0.027404 0.027374 //www.europarl.europa.eu/thinktank/en/document/ECTI_STU(2025)769347.
w530 0.029525 0.030467 0.030469 [4] Guerra OJ, Zhang J, Eichman J, Denholm P, Kurtz J, Hodge B-M. The value of

WS31 0.018973 0.021817 0.021843 seasonal energy storage technologies for the integration of wind and solar power.

W§32 0.028389 0.026216 0.026162 Energy Environ Sci 2020;13:1909-22. http://dx.doi.org/10.1039/DOEE00771D.

W§33 0.029915 0.027962 0.028012 [5] Dowling JA, Rinaldi KZ, Ruggles TH, Davis SJ, Yuan M, Tong F, Lewis NS,
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